1. Selection coefficients, i.e. selection differentials and gradients, are useful for quantifying selection and for making comparisons across traits and organisms, because they appear in known equations for relating selection and genetic variation to one another and to evolutionary change. However, selection coefficients can only be estimated in organisms where traits and fitness (components) can be measured. This is probably a major contributor to taxonomic biases of selection studies. Aspects of organismal performance, i.e. quantities that are likely to be positively related to fitness components, such as body size, are sometimes used as proxies for fitness, i.e. used in place of fitness components in regression-based selection analysis. To date, little theory exists to inform empirical studies about whether such procedures may yield selection coefficients with known relationships to genetic variation and evolution. 2. We show that the conditions under which performance measures can be used as proxies for fitness are very limited. Such analyses require that the regression of fitness on the proxy is linear and goes through the origin. We illustrate how fitness proxies may be used in conjunction with information about the performance-fitness relationship, and clarify how this is different from substituting fitness proxies for fitness components in selection analyses. 3. We apply proxy-based and fitness component-based selection analysis to a system where traits, a performance measure (size; similar to proxies that are commonly used in place of fitness), and a more proximate fitness measure, are all available on the same set of individuals. We find that proxy-based selection gradients are poorly reflective of selection gradients estimated using fitness components, even when proxy-fitness relationships are quite strong and reasonably linear. 4. We discuss the implications for proxy-based selection analysis. We emphasise that measures of organismal performance, such as size, may in many cases provide useful information that can contribute to quantitative inferences about natural selection, and their use could allow quantitative inference about selection to be conducted in a wider range of taxa. However, such inferences require quantitative analysis of both trait-performance and performance-fitness relationships, rather than substitution of performance for measures of fitness or fitness components.
Introduction
Understanding how natural selection operates in the complexity of the wild remains a key challenge for biologists, and data across a broad range of natural systems are necessary to understand both general patterns and causes of differences in selection. However, data on natural selection in the wild come predominantly from a limited range of taxa (Kingsolver & Diamond 2011; Siepielski et al. 2013) . A major barrier to quantitative inference of selection in many taxa is determination of individual fitness or fitness components (survival and fecundity) in the wild. While a formal quantitative genetic framework exists for measuring selection via fitness and fitness components, little formal work has been conducted on how quantitative inference of selection might be made via non-fitness (component) variables that might plausibly be highly related to fitness, given knowledge of the biology of a particular taxon. For example, mass-fecundity relationships are often well known at the species or even population level in fishes (e.g. Wootton 1973; Stauffer 1976; Blueweiss et al. 1978; Power et al. 2005) , and thus relationships of traits with mass might profitably be used to make inferences about selection. This work seeks to formalise the theory of quantitative inference of selection via fitness proxies, and to specify the necessary conditions under which fitness proxies can be used for quantitative inference of natural selection.
Fitness is the expected contribution of individuals to future generations. If a trait covaries with fitness, the distribution of that trait weighted by fitness will be different than the unweighted distribution, i.e. the distribution among unselected individuals. If this association has a (partial) genetic basis, that change in the distribution of phenotype will be (in part) propagated into future generations (Robertson 1966 ; Lynch and Walsh forthcoming). Fitness components, which are quantities appearing in a life table (i.e. age-specific survivorship and fecundity) or summaries of life table entries (e.g. survival to maturity), represent the demographic contribution of individuals to the population during periods within the life cycle. Associations of traits with fitness components are associated with changes in the distributions of traits, weighted by those fitness components, during the period to which the fitness components pertain. As for associations with fitness, any genetic basis to these trait-fitness component relationships also generates evolutionary change, providing antagonistic selection does not occur via other fitness components. Importantly, many aspects of the statistical mechanics quantitatively relating trait-fitness (component) relationships and the genetic basis of variation in traits to evolutionary change are known (Robertson 1966; Price 1970; Lande & Arnold 1983; Arnold & Wade 1984; Mitchell-Olds & Shaw 1987; van Tienderen 2000; Shaw et al. 2008; Morrissey 2014a Morrissey , 2015 . This body of theoretical work justifies the concept of selection coefficients (Lush 1937; Lande & Arnold 1983; Arnold & Wade 1984) which have proven useful for synthesising general information about selection in the wild (e.g. Endler 1986; Kingsolver et al. 2001 Kingsolver et al. , 2012 Hereford, Hansen & Houle 2004; Kingsolver & Pfennig 2004; Siepielski, DiBattista & Carlson 2009; Morrissey & Hadfield 2012) . In contrast to fitness (components), fitness proxies, such as measures of organismal performance, cannot be assumed to be indicative of demographic contribution to future generations because aspects of performance that are not demographic rates do not reflect the representation of an individual's genes in a population at future times. Here we refer to fitness proxies and performance, the former is a broad term describing any measure used in place of fitness, while the latter refers to a measure of organismal success that is justified by the natural history of a given organism (aspects of size are commonly used as performance-based fitness proxies).
Recognising the practical difficulties associated with measuring both traits and fitness on the same organisms in the wild, Arnold (1983) introduced the concept of performance gradients, calculated in much the same way as selection gradients. It is important to note that a performance gradient, calculated via (multiple) regression of performance on phenotype, is not a selection gradient. Arnold explained that the product of coefficients of trait-performance and performance-(relative) fitness regressions is equivalent to a selection gradient. Importantly, he suggested that the trait-performance and performance-fitness data could come from different studies (e.g. one in the lab and the other in the field). This is particularly useful where it is unfeasible to measure traits and fitness of the same individuals in the wild: measurements of performance (e.g. mass) and focal traits in the wild can be combined with data from studies on other individuals (e.g. a known mass-fecundity relationship from lab studies) to enable calculation of selection gradients. The introduction of path analytical techniques to selection analyses by Arnold (1983) has been important in motivating interest in, and providing a framework for, exploring trait interactions and functional pathways within studies of natural selection (see Kingsolver & Huey 2003) . However, despite Arnold's (1983) recommendation that traitperformance and performance-fitness data can be combined to give selection gradients as justified in evolutionary quantitative genetic theory, this approach has rarely been used to investigate taxa for which trait-fitness measurements in the wild are unattainable.
For taxa in which field measurements of fitness are unobtainable, there is a literature that uses performance measures (see Table 1 ). However, rather than the incorporation of quantitative information about performance-fitness relationships from other studies or individuals than the trait-performance data are obtained, these studies have predominantly used relative performance measures, such as size or growth, as substitutes for relative fitness. Such fitness proxies are usually measures of organismal performance known to be related to the focal trait(s) and believed to causally affect fitness. The inherent, and typically stated, assumption of a positive performance-fitness relationship tends to be convincingly justified in these reports, typically by appealing to knowledge of the organismal biology and ecology of the particular study system. Although the logical connection between traits, performance, and fitness does not differ between the approach in these studies and that proposed by Arnold (1983) , these studies have calculated what Arnold termed 'performance gradients' but interpreted them as 'selection gradients' with their associated evolutionary quantitative genetic justification and the comparisons they make possible. Use of performance in place of fitness extends beyond studies that have self-identified as using proxies (i.e. Table 1 ), such that a discernible proportion exist in the Kingsolver et al. (2001) selection meta-analysis: e.g. territory tenure (Grant 1985; Grether 1996) , aspects of mass, nest defence (van den Berghe & Gross 1989; Mitchell-Olds & Bergelson 1990a) . The performance gradient is only part of Arnold's approach, which also requires use of a known performance-fitness relationship. So, although these studies are typically based on sound biological knowledge, it is unknown whether this approach can yield selection gradients that are interpretable in a quantitative genetic framework. To whatever extent different quantitatively-justifiable options exist for using performance in selection studies, the range of taxa in which we can infer quantitative estimates of selection in the wild could be greatly increased.
In this paper, we first analyse a model where traits have direct effects on a performance measure, and that performance measure has a direct effect on fitness. We first analyse a simple case, where all effects are linear. We derive a simple but limited condition under which performance can be substituted for fitness in selection analyses, beyond those typically assumed and We reviewed the literature citing Lande & Arnold (1983) and/or Arnold (1983) and containing keyword 'proxy' to identify these 19 publications, and consulted citations within to explore justifications for substituting performance measures for direct fitness measures. Most studies refer to multiple sources of evidence, both qualitative and quantitative, to justify use of performance as a fitness proxy. For brevity we have selected only the most direct correlational data, showing the greatest fit. It should also be noted that while some performance-fitness associations were measured on the same populations as the selection gradients, it is not uncommon for evidence of the association to stem from different genera or using different performance measures.
stated when performance measures are used in place of fitness components in selection analysis. Importantly, we confirm that path analysis can be used to construct analyses that use performance data, in conjunction with additional quantitative data about performance-fitness relationships, to make inferences about natural selection (as suggested by Arnold 1983) . In Appendix S1 (Supporting Information), we extend our analysis to nonlinear selection, and show that similar conditions hold for estimation of quadratic and correlational selection. We then apply performance-based (i.e. using performance as a proxy in calculations of relative fitness), fitness-based (i.e. using a fitness component for calculation of relative fitness), and performance-mediated (i.e. using performance in conjunction with data on the performance-fitness relationship) selection analyses in a system in which trait, performance, and fitness data are all available on the same individuals (see Fig. 1 for a graphical representation of these terms). We conduct linear and quadratic/correlational analyses using linear models of the performance-fitness relationship (as justified by our theoretical sections), and we describe and perform a more flexible numerical analysis (extending methods in Morrissey and Sakrejda 2013 to performance-mediated analysis), allowing nonlinear performance-fitness relationships to be accommodated. We conclude with a discussion of the best means to leverage performance data for quantitative selection analysis, and of ways in which trait-performance relationships can be of use for qualitative inference of natural selection in the absence of quantitative performance-fitness information.
T H E O R Y
Here, we outline the conditions under which performance measures can be substituted for fitness measures to obtain selection gradients. We derive conditions for their equivalence where the relationship between performance and fitness is assumed to be linear. This provides a useful case for exposing the basic principles, while aspects of analysis of nonlinear trait-performance and performance-fitness relationships are detailed in Appendix S1. We assume that the effect of the trait on fitness is mediated entirely by the performance measure.
Linear performance-fitness relationship
Assume a linear trait-performance function
where E[y i |z i ] is expected performance, y, given phenotype, z, for individual i, as a function of an intercept, a, and a slope term, b, defining the regression of y on z. Similarly, assume a linear performance-fitness function
where W i is individual absolute fitness, and m and n are the intercept and regression coefficients of the linear regression of fitness on performance. The selection gradient is the derivative of relative fitness, i.e.
, with respect to phenotype, z, averaged over the distribution of phenotype. The first step to obtaining an expression for the selection gradient requires that we relate individual phenotype directly to fitness. We can perform this first step by substituting (1) into (2). Because (2) is a linear func-
irrespective of the distributions of residuals of performance and fitness; note that this relation would not hold if the performance-fitness function were not linear (see further discussion in Appendix S1). Therefore, we can write expected fitness given phenotype as
We can write the derivative of expected fitness with respect to phenotype as follows
which is a constant (both n and b are constants in eqns 1 and 2, to be estimated in practice). In the model developed so far, with a linear trait-performance function and a linear performancefitness function, the derivative of fitness with respect to phenotype does not depend on phenotype. Therefore (4) also gives the average derivative of (absolute) fitness with respect to phenotype, as depicted in its last relation.
Since the selection gradient depends on relative fitness rather than absolute fitness, we must express the average trait-fitness relationship in terms of relative fitness in order to obtain the selection gradient, i.e.
Again, because all relationships are linear, the mean fitness is the expected fitness given the mean phenotype. Therefore, the selection gradient can be expressed as,
where Z is mean phenotype. In order to render the implications of this expression more intuitive, and applicable to performance-based selection analysis (where performance will be divided by its mean to derive a proxy for relative fitness), we consider the case where mean performance is 1. Furthermore, since the mean phenotype may be arbitrarily scaled, we consider the case where it is centred to a mean of zero (this is typical, but not necessary, in an analysis of linear selection, and necessary in regression-based analysis of linear and quadratic selection; Lande & Arnold 1983) . Under these conditions, the coefficient a in eqn (1) has a value of one; therefore, treating performance as relative fitness and centring the phenotype, we simplify eqn (6) to yield
from which we can see that the linear coefficient in a regression of relative performance on phenotype is only interpretable, even if the performance-fitness relationship is strictly linear (i.e. the most commonly-stated assumption in existing empirical performance-based selection analyses, and also an assumption encoded in eqn 2), if the regression of fitness on performance passes through the origin i.e. if m = 0. We show in Appendix S1 that this pair of conditions for performance-based selection gradients to be correct, i.e. a truly linear regression through the origin of fitness on performance, holds for nonlinear selection gradients, and for inference of selection differentials, and for different standardisations of selection gradients and differentials.
It is important to note that these conditions for equivalence rest on the assumption that fitness is independent of the traits, conditional on performance. If the traits affect fitness directly and/or via an additional unmeasured aspect of performance, then any resulting selection gradient must be interpreted as a partial description of the selection gradient, that is, selection mediated by that particular performance trait. A number of authors have invoked positive relationships between performance and fitness as justifying the use of performance as a substitute for fitness or fitness components in selection analysis (Table 1) . Given the above analysis, along with the potential for alternative performance pathways, we caution that the conditions for such an interpretation are much stricter. Even where traits are independent of fitness, conditional on measured performance, and the performance-fitness regression is truly linear, the error can be of essentially arbitrary order of magnitude. The error is dependent on the relationship between the intercept and slope, i.e. the proportion by which a performance-based analysis overestimates the selection gradient is given by rearrangement of eqn (7) as (Fig. 2) . None of the studies using performance as a fitness proxy (Table 1) considered the intercept of the performance-fitness regression as part of their justification. A statistic that is consistently reported in support of the use of performance measures as substitutes for fitness is the correlation or r 2 of the performance-fitness relationship. The correlation of performance with fitness has no bearing on the adequacy of performancebased selection analysis, when the performance-fitness relationship is linear.
C O M P A R I S O N A N D I N T E R P R E T A T I O N O F F I T N E S S -A N D P E R F O R M A N C E -B A S E D S E L E C T I O N I N F E R E N C E S I N

A R A B I D O P S I S T H A L I A N A
In a single dataset, we conduct fitness-based, performancebased, and performance-mediated selection gradient analysis. This exercise allows us to investigate performance-based and performance-mediated selection gradient analysis, and to investigate the consequences when and if their assumptions are not met. In particular, the performance-based selection gradient analysis assumes that the performance-fitness relationship is linear and intersects the origin, and both the performancebased and performance-mediated analyses assume that there are no alternative pathways through which the focal traits affect fitness. We first assess these assumptions for our focal dataset, before comparing the gradients generated through performance-based and fitness-based analyses, for both linear and nonlinear trait effects.
The focal dataset, provided by H.S. Callahan (Columbia University) and S.M Scheiner (NSF), is an experimental population of Arabidopsis thaliana. Path analysis-based inference of selection in this system has been reported in Scheiner, Mitchell & Callahan (2000) . Briefly, in this study the plants were monitored every other day to record bolting day (inflorescence initiation) and number of rosette leaves and, after flowering had ended, inflorescence height and fruit number were measured. Further details about the study system are available in Scheiner, Mitchell & Callahan 2000. For performance-based and performance-mediated analyses, we adopted the Scheiner, Mitchell & Callahan (2000) a priori path model, whereby bolting day and leaf number both directly affect inflorescence height, and inflorescence height directly affects fruit number, the measure of fitness (Fig. 1c) . We consider inference of direct selection gradients of bolting day and leaf number, and we use inflorescence height as a performance measure. 
T H E P E R F O R M A N C E -F I T N E S S R E L A T I O N S H I P : A S S E S S I N G T H E P O T E N T I A L F O R S U B S T I T U T I O N O F P E R F O R M A N C E F O R F I T N E S S
First we characterise the performance-fitness relationship by regressing fruit number on relative inflorescence height. Visual inspection suggests that it is reasonable to assume linearity for the height-fruit number relationship, and that the regression line is close to intersecting the origin (Table 2, Fig. 3a) . Despite the apparent modest deviation of the intercept from the origin (Table 2) , the quantitative consequences of the intercept not intersecting the origin are manifested in terms of the relationship of the intercept, not to the overall range of the performance and fitness data, but to the slope of the regression of fitness on relative performance. The intercept and slope are À2Á96 and 9Á23, respectively (À0Á47 and 1Á47 for the regression Fruit number regressed on relative height Relative fruit number regressed on relative height Intercept (m) À2Á968 (0Á348; P < 0Á005) À2Á968 (0Á35; P < 0Á005) À0Á474 (0Á056; P < 0Á005) Slope (n) 1 Á246 (0Á042; P < 0Á005) 9Á232 (0Á31; P < 0Á005) 1Á474 (0Á050; P < 0Á005) (b) Nonlinear fits Quadratic regression of fruit number on inflorescence height (cm)
Quadratic GLM (log-link, Poisson errors) Quadratic regression of relative fruit number on relative height Intercept À0Á074 (0Á599; P = 0Á90) À0Á639 (0Á339; P = 0Á06) À0Á012 (0Á096; P = 0Á90) Linear 0Á443 (0Á144; P < 0Á005) 0Á919 (0Á326; P < 0Á005) 0Á524 (0Á171; P < 0Á005) Quadratic 0Á045 (0Á008; P < 0Á005) 0Á132 (0Á078; P = 0Á09) 0Á394 (0Á068; P < 0Á005)
Linear fits were calculated as simple linear regressions; nonlinear fits were calculated as either quadratic regression models or as generalised linear models assuming Poisson errors and using a log link function. Standard errors are in parentheses. The coefficients of the linear regression of fitness on relative performance (i.e. height divided by mean height) in (a) describe the error in performance-based selection analysis. The quadratic generalised linear model regression in (b) is the regression of absolute fitness on log height, as used in the nonlinear performance-mediated selection analysis.
of relative fitness on relative performance; Table 2 ), and so correspond to a proportional error of
In other words, the performance gradient is only 68% the value of the fitness-based selection gradient. Furthermore, the height-fruit number relationship is significantly nonlinear (Table 2, Fig. 3b ). It is not clear how to make an a priori judgement of the severity of any potential effects of this nonlinearity on performance-based selection inferences. See Appendix S1 for a brief discussion on why theoretical treatment of systems with quadratic (or other nonlinear performance-fitness) relationships would be complex and unlikely to yield sufficiently simple results to be generally informative. We will nonetheless return to the issue of nonlinearity of the performance-fitness relationship.
The other assumption of performance-based and performance-mediated selection analysis -that fruit number is independent of traits, conditional on inflorescence heightdetermines whether the error associated with the performance-fitness relationship pertains to total selection on the focal traits or only the portion of selection that is mediated by inflorescence height. To test this assumption, we regressed focal traits and performance on fitness according to
and eqn 8a
where w represents relative fitness, y represents inflorescence height, l represents the intercept, and z represents phenotype (subscripts blt and lnr denote bolting day, and leaf number, respectively). Note that the analogous regression coefficients, e.g. b 1 for the effect of y on w in eqns 8a and b are separately estimated. Similarly, the re-use of such coefficients in subsequent models throughout the example analyses (i.e. in eqns 9, 10 and 12) is to avoid confusion arising from separately defining many different quantities; throughout, all coefficients are separately estimated by the regression analyses described by each equation. All predictors were variance-standardised and centred on zero (ðz À zÞ=r z ), and fitness was relativised (W= W), as in typical selection analyses (Lande & Arnold 1983) . Statistically significant direct effects of bolting day and leaf number on fitness in the analyses that include inflorescence height as a Table 2 . Table 3 . Test of conditional independence of fitness and traits, mediated by performance, through a multiple regression of relative fitness (fruit number) on standardised traits (leaf number, bolting day), and performance (inflorescence height)
Variance-standardised traits Linear terms Linear, quadratic, and interaction terms Intercept 1Á000 (0Á024, P < 0Á005) 0Á893 (0Á037, P < 0Á005) Bolting day À0Á069 (0Á024, P < 0Á005) À0Á111 (0Á034, P < 0Á005) Leaf number 0Á107 (0Á029, P < 0Á005) 0Á111 (0Á029, P < 0Á005) Inflorescence height 0Á652 (0Á030, P < 0Á005) 0Á575 (0Á032, P < 0Á005) Bolting day 2 0Á0Á037 (0Á041, P = 0Á37) Leaf number 2 À0Á041 (0Á045, P = 0Á36) Inflorescence height 2 0Á098 (0Á046, P = 0Á04) Bolting day 9 leaf number À0Á002 (0Á030, P = 0Á95) Inflorescence height 9 bolting day À0Á05 (0Á032, P = 0Á10) Inflorescence height 9 leaf number 0Á094 (0Á034, P = 0Á01) predictor (eqns 8a and b), indicate that fruit number is not independent of these traits, conditional on inflorescence height (Table 3 ). The error associated with using performance measures in place of fitness in this example will therefore stem from both the nature of the performancefitness relationship and the existence of alternative paths through which selection of focal traits are mediated.
We have now ascertained that for the Arabidopsis data, performance-based and fitness-based estimates of selection gradients will not be equivalent, and that differences will be due, in part, to the existence of alternative causal pathways of traits effects on fitness and, in part, to a performance-fitness relationship that may be reasonably approximated with a linear function, but fails to intersect the origin. Next we calculate the scale of this total error, and estimate the contribution of the performance-fitness relationship, by comparing selection gradients calculated in three different ways. First, selection gradients (considering bolting time and leaf number as the focal trait vector) are calculated with a multiple regression of relative fitness on traits (following Lande & Arnold 1983 ; see also Stinchcombe et al. 2008) , and we consider these 'fitness-based selection gradients' to be the most theoretically justifiable selection gradients and thus the reference against which we will judge estimates based on the performance measure (height, in our example). Next, we calculate gradients with multiple regression of relative performance on traits, as is the use of fitness proxies in the literature (e.g. Table 1 ), and refer to these as 'performance-based selection gradients'. The difference between these two forms of gradients provides an estimate of total error associated with using performance as fitness in this system. Finally, we calculate gradients using a path analytical approach in order to estimate selection of traits mediated only by our performance measure, and we term these 'performancemediated selection gradients'. The difference between performance-mediated selection gradients and performance-based selection gradients is introduced by the performance-fitness relationship.
F I T N E S S -B A S E D S E L E C T I O N G R A D I E N T A N A L Y S I S
The equations for the fitness-based selection gradients are as follows:
for analysis of directional selection gradients only, and
for a full analysis of directional and quadratic selection. b and c represent directional and quadratic selection gradients, subscripted by the traits to which they pertain. Prior to inclusion in the model, focal traits were standardised to mean zero and unit variance, and fitness was relativised. Fitness-based selection gradients from the combined linear and quadratic model indicate directional selection for earlier bolting date (b blt = À0Á244, SE: 0Á058, P < 0Á005) and greater leaf numbers (b lnr = 0Á451, SE: 0Á041, P < 0Á005), with positive quadratic selection in both instances (c blt = 0Á163, SE: 0Á069, P = 0Á02; c lnr = 0Á162, SE: 0Á052, P < 0Á005 respectively), but no significant correlational selection (Fig. 4) .
P E R F O R M A N C E -B A S E D S E L E C T I O N G R A D I E N T A N A L Y S I S
To explore the effects of using a performance measure as a proxy for fitness, we substituted the relative inflorescence height for the response variable in eqns 9a and b yielding
and eqn 10a
where y represents relative performance (inflorescence height). Regression coefficients are as for eqns 8a and b, 9a and b, except directional effects are denoted by b and quadratic effects by g, for consistency with the theory section, and to distinguish these quantities from selection gradients as justified by quantitative genetic theory. Qualitatively, the relationships among focal traits and height are the same as those among focal traits and fruit number, although the positive quadratic value of leaf number is no longer significantly different from zero (Fig. 4) . However, when considering the magnitude of the coefficients, there is a considerable difference between fitness-based and performance-based selection gradients (from the quadratic model, bolting time: linear À0Á114, SE: 0Á035, P < 0Á005, quadratic 0Á101, SE: 0Á042, P = 0Á02; leaf number: linear 0Á279, SE: 0Á025, P < 0Á005; see Fig. 4 ).
P E R F O R M A N C E -M E D I A T E D S E L E C T I O N G R A D I E N T A N A L Y S I S
Our comparisons of performance-based and fitness-based selection gradients illustrate that these quantities can differ; however, the differences in our example analyses will be because of broken assumptions about the performance-fitness relationship (Fig. 3 , Table 2 ), and about conditional independence of traits and fitness, given performance (Table 3) . To disentangle these two sources of error we must estimate only the portion of selection mediated by the performance trait of inflorescence height. We thus conduct formal performancemediated selection analyses, such that we can relax assumptions about the performance-fitness relationship. We first relax the assumption that the linear regression of fitness on performance passes through the origin, using results from our analytical theory (see above, and Appendix S1 for nonlinear analysis based on quadratic trait-performance regressions).
Linear performance-fitness model
To estimate only the selection mediated by performance we multiply the performance-based selection gradients by the coefficient of the regression of relative fruit number on relative inflorescence height. Thus, we obtain the performance-mediated selection gradients as the product of the performance gradients and the regression of relative fitness on relative performance. This is inherent to eqn 3, and justified by eqn 7 (when traits are mean-centred and performance is relative performance), and eqns A4 and A8 (in Appendix S1). These are the path analyses advocated by Arnold (1983) . Note that we conduct this analysis based on relative performance. The results of the path analysis-based performance-mediated selection analysis are identical regardless of whether absolute or relative (or some other linear re-scaling of) performance is used, so long as the same scaling of performance is used in the analysis of the traitperformance and the performance-fitness relationships. We used standard errors of the performance gradients and the linear performance-relative fitness regression to calculate standard errors of the performance-mediated selection gradients, according to a first order approximation (Lynch & Walsh 1998, Appendix S1)
where X and Y represent two quantities, in this case performance gradients and the performance-relative fitness slope,X andŶ are estimated values of X and Y, and SE[X] and SE [Y] represent their corresponding standard errors. The comparison of performance-mediated with performance-based selection gradients isolates the error associated with the performance-fitness relationship not meeting the conditions of linearity and origin intersection, in this example only the latter. The effect is to underestimate the magnitude of selection by c. 1/3 (i.e. we expect the true value to be about 50% greater than the performance-based gradients), and this applies to both linear and quadratic components (see Fig. 4 , see also eqns 7 and A8).
We have thus shown that use of a performance measure in place of a fitness measure has the potential to drastically alter the estimate of selection, even under the assumption of a linear performance-fitness relationship. The strength of selection here was underestimated because of the presence of alternative pathways among traits and fitness and because of the performance-fitness relationship not meeting the condition of linearity and intersection of origin. Whereas the former source of error can influence traits differentially, performance-based selection gradients for traits included in the analysis will be affected equally by the proportional error introduced by the performance-fitness relationship, which validates within-study comparisons of selection, if fitness can be assumed to be independent of traits, conditional on performance.
Nonlinear performance-fitness model
In this section, we outline a numerical approach to multivariate directional and quadratic performance-mediated selection analysis. The analysis centres on two functions. The first y(z) takes (potentially multiple) trait values as predictor variables, and expected values of a performance measure as a response variable. The second W(y) takes the performance measure, and returns expected fitness.
In order to model the trait-performance relationship for the nonlinear performance-mediated selection gradients analysis, we fitted a quadratic regression of log inflorescence height (performance) on the traits
where y is the performance measure (log inflorescence height, in our nonlinear analysis), a is an intercept, b 1 and b 2 , g 1 and g 2 , and g 12 are linear, quadratic, and correlational regression coefficients for the two traits, bolting day, and leaf number e are residuals, the variance of which (r 2 e ) are estimated. For comparison, we also used a model for (log) performance given phenotype with only linear effects.
The resulting coefficients are qualitatively similar as when relative performance was the response variable (eqn 10b, see Table 4 and Fig. 5a ). We examined model r 2 values and distributions of residuals for versions of eqn 12 applied to both logged and un-logged performance data, and these aspects of model fit were very similar in both cases (not shown).
Since logged values of a strictly positive character seem most natural in an additive model, we adopted these (see Table 2 ). We also adopted a quadratic regression model for W(y) in order to model the nonlinear performance-fitness relationship, but in a generalised linear model analysis, with a log link function and assuming Poisson errors,
The coefficients of the model in eqns 13a and 13b are given in Table 2 . From these two models, we can construct a function giving expected fitness as a function of individual phenotype
Because W(y) is a nonlinear function, the expected fitness of an individual with a given expected value of performance (based on its phenotype) is not equal to the expected fitness of an individual with that specific value of performance (this is Jensen's 1906 inequality) . Consequently, the integration in eqn 14 over the distribution of values that performance might take for an individual with a given phenotype is necessary to obtain expected fitness, given phenotype; see Morrissey (2015) for further explanation of this general approach to the inference of quantitative genetic parameters in nonlinear systems.
Population mean fitness may be obtained by taking an average of individual expected fitness given by W(z) i , over the distribution of phenotype in a population. We may choose to assume some distribution of phenotype, such as a multivariate normal distribution of the traits, with a mean vector and covariance matrix equal to that estimated directly from the trait data. As such, mean fitness would be given by
where p(z) is the assumed distribution of phenotype with parameters estimated from the data. Such performancemediated selection analysis (i.e. using this construction for W with the rest of the procedure, below), would exactly follow the mechanics for inference of extended selection gradients in nonlinear systems in Morrissey (2015) .
However, we may wish to accommodate an analysis that makes fewer assumptions about the distribution of phenotype; in the present example, bolting time is very non-normal. Consequently, we could calculate population mean fitness as follows:
i.e. an average of expected fitness of all observed phenotypes, where i indexes the n observed individual phenotypes. This approach follows Morrissey and Sakrejda (2013) and Morrissey (2014b) . Selection gradients calculated using expected fitness calculated in this way still correspond to changes in the mean and variance of breeding values due to selection (according to expressions given in Lande 1979 and Lande & Arnold 1983) , assuming that breeding values are multivariate normal, but not making any parametric assumption about the distribution of environmental effects on phenotype.
Regardless of the choice of function for À0Á032 (0Á017, P = 0Á06) Bolting day 9 leaf number 0Á051 (0Á023, P = 0Á03)
The model is a quadratic regression of log inflorescence height (performance) on variance standardised traits. Values in parentheses are standard errors. See Fig. 5(a) for a visualisation. Coefficients corresponding to this figure can be found in Table 4 . (b) The relationship between log inflorescence height (performance) and fruit number (fitness), demonstrating the appropriateness of a nonlinear fit.
expressions define selection gradients as the derivatives of population mean fitness with respect to population mean phenotype, and are equivalent to the earlier definitions based on the average derivatives of (individual) fitness with respect to (individual) phenotype given earlier. These latter definitions are more directly useful for numerical analysis of selection gradients.
r W and r 2 W are relatively easily calculated numerically. Define a vector of perturbations of mean phenotype x, and a function for mean fitness accommodating these perturbations
Wðz i þ xÞ eqn 17 values in r W are then calculated numerically, most simply by finite differences. For example, the partial derivative of mean fitness with respect to the mean phenotype for the first trait would be approximated by the following:
when h is set to a small value, relative to the SD of the distribution of the trait. Calculations of second partial derivatives are simple extensions of this method, and their implementation is detailed in the supplemental R code. The performance-mediated selection gradients returned from this analysis closely matched those from the path analysis (justified in the theory section, above, and in Appendix S1 for nonlinear selection). This analysis' linear coefficients for bolting day, b blt = À0Á181 (SE: 0Á064, P < 0Á005), and leaf number, b lnr = 0Á446 (SE: 0Á041, P < 0Á005), are close to those of the path analysis: b blt = À0Á168 (SE: 0Á052) and b lnr = 0Á411 (SE: 0Á039), respectively. Nonlinear estimates from the analysis accommodating the nonlinear performance fitness function differ more (Fig. 4) . Thus, the simpler analysis (i.e. the path analysis assuming a linear performance-fitness relationship) may generally be quite robust, at least for inference of directional selection.
Discussion
We have demonstrated that it is possible to substitute performance measures for fitness (components) in regression-based analyses of selection to obtain accurate selection gradients, however the conditions are strict. In addition to linearity of the performance-fitness relationship, the linear regression of fitness on performance must pass through the origin, if performance-based selection analyses are to recover selection gradients. Our literature review suggests that this condition is not generally met (see Table 1 ). Although these studies -and an additional number not self-identifying as using proxies -could misinform subsequent research, our main concern was the ambiguity surrounding the use of fitness proxies, which may have contributed to a disinclination to estimate selection in systems where fitness is not directly measurable in the wild. We hope that, by clarifying the conditions under which performance measures can be used in selection analyses, researchers will be able to reduce taxonomic disparities in our understanding of selection in the wild.
The relationship between inflorescence height and fruit number in the Arabidopsis example does not meet the conditions of linearity and intersection of the origin. However, visual inspection suggests the relationship is reasonably linear, and that its intercept is reasonably close to the origin (Fig. 3 ). It appears that the assumption of linearity is in fact sufficiently well-met to allow path analysis-based performance-mediated selection inference: the selection gradient estimates based on path analysis (assuming a linear performance-fitness relationship) and the full nonlinear analysis agree quite closely (Fig. 4) , certainly closely enough that they lead to equivalent biological interpretations. The apparent minor lack of correspondence between the performance-fitness regression and the assumption that it passes through the origin (Fig. 3) could be misleading. In fact, the error associated with the regression not passing through the origin is not determined by how close it is, relative to the distributions of performance and fitness, but rather, it depends on the value of the intercept relative to the slope (Fig. 2) . In the Arabidopsis example, this corresponds to approximately a 50% error, which is reflected in differences between the performance-based and performance-mediated selection inferences (Fig. 4) .
We attempted to use data from performance-based reports of selection gradients, and their associated sources justifying assumptions about the positive relationships of the performance measures with fitness (Table 1) , to reconstruct performance-mediated selection gradient estimates. This exercise would have allowed us to test how large errors are in practice as a result of performance-fitness functions not passing through the origin. However, this exercise required that mean absolute performance (in the trait-performance analysis) was known. In some cases, we could not find this information. Furthermore, such reconstructions required that the performance measures in the studies reporting performance-based selection gradients were the same quantities as the performance measures involved in the performance-fitness relationships that were invoked to justify the performance-based analysis; this was often not the case (Table 1) . Consequently, we were unable to derive the factor by which performance-mediated selection analysis would differ from performance-based selection analysis (i.e. m þ n n , when performance is relativised) in most cases. However, we suspect that a general argument can be made that fitness-performance relationships may systematically fail to intersect the origin. If some threshold level of performance is necessary before any fitness is realised (e.g. if it is often the case that only individuals above some minimum size produce any gametes), then intercepts of performance-fitness relationships would generally be negative, at least when fitness components associated with reproduction are considered. In such cases, the intensity of selection would be systematically underestimated. There is one study, Heschel, Hausmann & Schmitt (2005) , for which we can reconstruct the selection gradient, given the performance gradient and the information available about the performance-fitness relationship. Heschel, Hausmann & Schmitt (2005) reported performance gradients based on biomass as a proxy, and the associated performance fitness function is W = 29Á72yÀ5Á90 (Waller 1979) . The slope, if the regression was on relative biomass rather than absolute biomass, is obtained by multiplying this slope by mean biomass (3Á49 g; Heschel, Hausmann & Schmitt 2005) . Proportional error is calculated as follows:
¼ 0Á94, demonstrating that selection gradients via the proxy about are 6% smaller than the corresponding gradients. The relatively small magnitude of this error does suggest that performance measures can be reasonable estimates of fitness, and importantly that the direction and magnitude of errors can be checked and corrected, given data that may already be available about many performance-fitness relationships. With only a single reconstructed comparison (and the larger error in the performance-based analysis in our example) we are unable to ascertain the general scale of any potential bias introduced to our general understanding of selection by the use of proxies.
The fitness measure in our example analysis, fruit number, is not immediately proximate to fitness. In other words, it is not completely representative of the demographic representation of individuals in future generations. A more proximate fitness measure, such as number of seeds, could provide further improvements to the inference of selection in this system, if it were available. We suggest that fruit number can be considered a fitness component (rather than a proxy), since it can be mathematically represented as a multiplicative component of net reproductive rate (i.e. total seed production is the product of number of fruits and number of seeds per fruit). However, since fruit production is not total fitness, the selection gradients reported here must be interpreted as those via fruit production (and, for example, evolutionary predictions based on these selection gradient inferences, using the Lande equation should be interpreted as that evolution expected through fitness via the corresponding episodes of selection).
In practice, selection via a fitness component can be related to total selection, or selection via a component more proximate to fitness in two ways: (i) via treating different components as multiplicative and using existing theory to combine selection gradients across multiplicative episodes (Arnold & Wade 1984; Wade & Kalisz 1989), or (ii) by applying the same relationships as apply for performance-mediated selection gradient analysis route which, as we have discussed, allows use of separate studies and therefore facilitates studies in systems where direct fitness measurements are difficult. The latter is possible for the Arabidopsis example due to a relationship between seed number (W) and fruit number (x) established by Westerman & Lawrence (1970) : W = 23Á74xÀ12Á31. Mean fruit number is 5Á98, and so by the method described above for obtaining the error in the Heschel, Hausmann & Schmitt (2005) study, we find that selection gradients via total seed production would be 9% larger than those via fruit production.
We have focused primarily on the inference of direct selection gradients. The same basic conditions apply to performance-based and performance-mediated analysis of extended selection gradients (Morrissey 2014a (Morrissey , 2015 . The approaches we suggest here for obtaining direct selection gradients can also yield selection differentials, assuming multivariate normality of phenotype, by multiplying gradients by phenotypic variances (or in the multivariate case, pre-multiplying the vector of directional selection gradients by the inverse of the P matrix, and similar operations for nonlinear selection differentials given in Lande & Arnold 1983) . Similarly, while we have focused on the calculation of unit-variance standardised selection gradients (as is most common; Lande & Arnold 1983; Kingsolver et al. 2012) , known relationships among different standardisations of selection gradients (Hereford, Hansen & Houle 2004) are immediately applicable to performance-mediated selection gradient estimates.
We suggest that performance-based selection analyses should not be assumed to have the same justification in evolutionary theory as those based on fitness and fitness components. For example, performance-based gradients should be excluded from meta-analyses, as the broad comparisons across traits, taxa, etc., made in meta-analysis are justified by evolutionary quantitative genetic theory. However, this does not mean that trait-performance relationships should not be considered useful for qualitative inference of natural selection. In particular, insofar as it is reasonable to assume that performance-fitness relationships are monotonic, functions relating traits to performance should be representative of major aspects of the shape of trait-fitness relationships, such as the existence of fitness minima or maxima. We hope that by (i) formulating clear conditions under which the use of performance measures as proxies for fitness in selection gradient analysis is justified, and (ii) highlighting more general ways of using performance measures, when quantitative data about the performance-fitness relationship are available (including from other individuals or other studies), studies of selection can be expanded to a wider range of taxa.
